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Medical image analyses have been widely used to differentiate normal and abnormal cases,
detect lesions, segment organs, etc. Recently, owing to many breakthroughs in artificial intelli-
gence techniques, medical image analyses based on deep learning have been actively studied.
However, sufficient medical data are difficult to obtain, and data imbalance between classes
hinder the improvement of deep learning performance. To resolve these issues, various studies
have been performed, and data augmentation has been found to be a solution. In this review,
we introduce data augmentation techniques, including image processing, such as rotation,
shift, and intensity variation methods, generative adversarial network-based method, and im-
age property mixing methods. Subsequently, we examine various deep learning studies based
on data augmentation techniques. Finally, we discuss the necessity and future directions of
data augmentation.

Index terms Deep Learning; Medical Imaging; Data Analysis
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Fig. 1. Various traditional augmentation examples of chest X-ray images using Albumentations. Numbers below images represent: [1] hori-
zontal flip, [2] vertical flip, [3] elastic transform, [4] grid distort, [5] optical distort, [6] sharp, [7] motion blur, [8] gaussian blur, [9] rotation, [10]
shift, [11] zoom, [12] crop, and [13] gamma correct.

Single component augmentation

[2+3] [1+10] [7+11]

More than two components augmentation

) O YT

[3+9+11] [2+3+9] [1+4+13] [2+7+11] [9+10+11] [1+4+8+9] [5+9+10+11]
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Fig. 2. Basic architecture of generative adverserial network with example images of chest X-ray.

Realimage

W]
=it

Synthesized image

Discriminator

Random noise

Discriminate real
or synthesized

Fine tune generator
and discriminator

>z,
)
o,
oH
RS
olr
Sl
Bl

N

>y

=
. =2

Bl Bgo] 471 B
Sl malo] BREls £AIZ YA 4 9lch
A, ke =ololollA AL iyl £ Sl thsh BAerA Holr} 9he A9, Yolel wo
oM £ Ehlel 408 WHe &

(routine dose) CT %go] 912 o, 5 =0iole] Hlo]els 7he] o] sl455te] 441 CT 9
QA CT Ao2 HakA)7| 71}
o] 7H5IEH(15). ol 2 ol 851, £ 713ke] O B3 BEL T2 7|Tol A ARG

=] =
¥ ), o2 sle] Y meo] TSl 54 sle] el 40 Masto] ALGE 4 3

)
]
o

&
>
e
o

%)

S
10

T

o o Am o
b pRTIRCY N )
ox.

S

]_

Q.
ro

ol
Fr
N

O
(w}
o
i)
i
5
ofo
ol
i)
9
Jm
ox
BY
=2
>
)
o
i)
rlr
H—
0,
l
i
2
Y
=
(@)
=
Q.
@,
=
©
st
4
H1
39,
L
=
(&)

M
Jm
o
1
2
>
wn
X
ox
8
oN
N
i
2
3@
a
rk
rQ
&
o
ol
2~
rlo
o
o
o
2
o
o
oo
o
2
o[N
o

=
ol HEFo] =S = Hde] vddE A=

1294 jksronline.org



CHt Atolsts] x| 2020;81(6):1290-1304 cH ﬁ;_" Oél )\ol'gl ﬁ;!'il X |
S o, 7] Aol A HE-Fol AFg-sh= dlolE] Q] 7H4rt HAfs] FEsitt. & Aol A= For-
ward and Backward GAN©|2k= &= tHA| 9] GANS ARE-5193=t, Forward GAN©] thest A}

TS Backward GAN-S GA}e] 10|22 z|7]5lo] EALS SPFAIZICE o] 2] A o4t

S n Z]

= I==1

2 olgall oty AW} P 2 BRE Aeloict. A A3, tes] Gakaleluko o]y
27re 3 ok ATpRT), Akl 7]Rke] lole] 2742 8 % ThA) Forward GANS 0|83}
Hlo]e] 45 5 ] 77to] 52 welo|A 28 HetEst4% A o £A] LSk =3 Backward

GANE ol g5to] Hlole] A7) 21 27k2 3kl 10 A= 52 o £ 4 98 Bk &

H
0§t ElofE 70| G ofiet, 1wol=t A E Aao] Weld Hse B

A7 GANS
A 4 US4 A B

Salehinejad 5(21)2 §5 Xray G/dollA G4 25lst 5712] 2ES BRohk= A& 118
SEoATt. Addol ARESE AA] Hlof Bl A4 £t 157817, ABIHS €21 170987, 49 A= &4t
14510, B2 22} 50185, 718 24401319 F Xray= S22 7F glo|g] Ego] Agh
AS & 4 Sl HlolE Ewddo] 7 Aol 71x= Y GANC. &2 45t EdE gl
Aol 57 5ol 71x= @S A7) flsl tha Al 7HA] A& Jdgsigit. A Halz S
A ZF Extddo] Q= HlolEHE :LEHE kol ARSIt & A= oA (undersampling)
2 5ol FAA T ERES 7 A HE tlolEE gl ARGSHIT TRl tlo]E 9
$7F 7P A2 2iac] 2 e 2E A tlolHE 5YE TieE FE5k WHolth
opz|eto 2 DCGAN< ©]-8sto] tlolelg 346l SellA It Exde 3 A 95o] sh52

stoith 1 A} 7 A 2a gstro] Pato] AR S E5 =

SEE 97t 7P Weka1(58.90%), Bt H|olEl S IR Sh5dt 497t = BIR(70.87%), LE]
T GANS o] 83l 73 497t 955] £ 45(92.10%
Q:

(o]
&3l cllole 5 SstaL 22 HolE 0] dP S HWFe Aol EF de= A =L &+

o
H
32
iu)
o
LTI
-1
0
ol
o
>
[o
o,

2
io
)
o
oL
in)
o
o
olN
o
N
rE
inl
olo
=
N
E
ok
(g
\1
HHN'
2
1
>,
oo
_\ﬂ

8 T 9lch He 5(22)2 180
go] A= EE AL 256 X 256/\}0]24 H MR ¥ P% progressive growing of GANs (°]3}
PGGAN) (23)2.2 Sl<53}0] AJA o}Oﬂqu AAJE GAe] AsS H71sH] sl YOLOVS (24) =2

=

2T MR G2 7Het exte] Xcko] & g5k g/dolot. sFAITF gadolinium S o185k %

TS BAE fFo] A Hlgo] go] Erhe @] Qloh Zhao 5(25)2 2FAIS] = glo]
_F"_

/\}5} MR 9= %“35}911 =2 48 5(89 4%)% 2 AES ]~: A

F

https://doi.org/10.3348/jksr.2020.0158 1295



HEd 7| oz H Y 2 S ISt HIOIE 2 7Y [

th. Bowles 526)2 CT2F MR 938 ol85to] WX £ /d52 B8l /3=l 7]t

=
22 27}3 lo|elek GANS.Z 273 tlole] 27tol oiat shirziziel 5 71 718 2 A
A

83t wlojEol thall SRt e vlwsiglnt. 1 A3} £ 7H) S 71e SAlOl AR A
1~5% Atol2] Dice H4 P& e = JUUth 2 AT 25 53l GAN 3145 HlojEle] £
£ shestste, g4 Wik(interpolation) S 53l /33 AY/d5HAITH S5 HlolEfe] Bax = H
ofutAl= Riteh= & & 4 Qlk mEbA, A e B/de] Z1ke) HlolE 4 o84l S
dlolele] thefdg &0l GANS ©]-83 35 Hloje|e] 542 WidozA gt 9ds

s B e TN + e g

Russ 5(27)& 20719} 29357 55 CTollM 32 71%iell whe d3 28 s 71l
XCAT H&< CycleGAN (28)2 0|83l CT= #ighslo] djo|ElS S74513ich A4 CT 94de] &
2850l XCAT W o 2R E] HShe CT /g2 Sk B¢ 28 5=t =3AITHDice
H4==078), 7 719 dlo]ElE 2 AR8SE 7320l Dice H4710.830.2 71 =34t o) Sl

EFoEN 2 dee = AS E 4 AT

|S7HA] AT T A4 GANTF G, @A HEtol] 589 GANS E-85to] G/do] BEst
Zef20] glolE] 5 53 AT Qlh Gupta 5(29)2 Xray G (=S, 4=, tEZ)olM
o] & ME FFohs 7S st SRR Hol = F4 tlolEe] BEo g Jefa 7t
Ego] Aokt ol & s dst] flal, B/ Hgk 7S g-8sto] Bo] gle I Bol U=
Y’do2 HEHimage translation) 5t dlo|e] S-S Al=sIict 1 At S7451A] k2 Y&

2
=

Hlo]El2 st 2R 2740 Hlolel 2 SHd Zlo] A2 H-Rol AUCE 5% HE T4

ol
BroR 2YEY OV BY U7 5ol o REthd 2957 T Bl o 2. o

—9717ﬂ =it} Sandfort 5-(30)2 o] £A1E A5} %sﬁ CycleGAN% olgste] 2Y=7 CT=
ZQJF7d0] HA| @& CT= Wghsto] A%, 7h vl £33 XI8gsiqinh 7#%‘—‘@ =& et52 29

Z Ul 7 S sieletl, A= dole 0] 4 glo] A HlofEthe
2 o4, iy s 22 %‘MZH 7|Rko & Z745t 2
& ok equalization)THS 283t HlolH S ARSI, U}XlULE CycleGANCS & 295=7}
CTE 2YS75IA] E2 CTE BIFH /g2 ARgaltt. @4 £8-2 U-Net (31) 22 81455131
o 54 A%, 1H v)ge] 29t AukE St Dice A4 A HAIRE ZH2}0.916, 0.924,

}ol
0.935, 0.9322 91&} o] Axpgt B /2] 7ol w2 2ot Ad520] 2pol= IA gl &

O
z
_OL
)
B
o
i3
)

inj
2 o &
)
ﬂJl
Tl-o
SL
5
2o
z
T,
3
b
E

2)
OIT.-h CycleGAN% 0|3k u| HA éﬁd% 1]9] st ‘—}DW *‘%%O] 254 CT
|

1296 jksronline.org



|#_I|-i|x|

o o

EHﬁ‘_|-o=|)\|-0

|X] 2020;81(6):1290-1304

B

EERE

o] 7% 9l Hlo]Efol.z 7

} GANS ©]

5

Lok

Al
=

stol Thokt elole]

Q.
©

=
=23

Al
=
O ©

sl

[e)
OFA] X

} CiGAN)Z o]-&

Al 71A] Ef|olefAle]] o

FRAct. 2 Aol A]

5]

1] 7]

7Fsteich.
3>

o

=]

-

Il conditional infilling GAN (]
Hlo]g,

H

L

1231 ciGAN} F/d=12] 7%= 53l 737t HlolE

A} ciGANT /g2 718

2

9

1 WGAN) (34)
0] 4|27 (fine tuning)

}A]

1O
o

719

°

SHA]

—Hi

5]

(]

)

=

=

ERiarc iy

T

)
pal

Wasserstein GAN (©]

o

L

(33)
A Aoz BEy)
o] Ql= CT 27741} 33719]

(32)2 o]z

T,

o

=4

[e]
Onishi
T A

=7 UATHAUC = 0.896).

t} Wu

4%

CEBEER

a4 e

A
=]

it
5]

5

15

€

F= WGANE o]
o+ 65%2]
of i

Felch. 1 A} v

5]

Rk
o

3} ImageNet (9)
3

15

Ji

oF5

0]

Pl A9

b

H|al
8¢t

HAIS

Al
o

1}, 2 =zollA Al

DCGANZF WGAN2- 0]-83] 128 X 128 A}

E|AE (visual Turing test)S %1345}t

-

Al
=
o

(35)2

T,

o

A3} DCGANC 2
Jo] 73 60%2] 2=

=
5

s

S
s

t}. Han

7_'1-
AA|

WGANC 2 AJAIS}H o

(transfer learning) 3t
Al

5toq, Al

olghs
/\é—]/\él )

o

=

/b]—

il F0] Hojzl= 397t @t ol
%

QhA] AT Hlel Zo] GANC & to]E]

Efof] H

o]z9] x| MR

g Aol

15

5|
s

=1
uh

HAT H]

=z
=

=
=

=

& HofF

1
[

okr}

Jo] AlA| o gzt S o] 444]
DCGANE- 0|-85}0f CT FJollA #lZ24o] Q=56 X 56 2719] F7

]

.

(36)

=3

o

BN
Chuquicusma

HEE

S

N AA gt 72

OO

GAN=

1
.

2 Ee 5 50%7t A2 EU 2| E UERAL o]

Aof

1297

f} AxgFo] o] &{(10007H A1E

I} A% tlojEjRhe 2 & GANS]

0

o1&
2

=

=

= GAN 7]

Sk
S}
S
=1

Sk
of

A}
=

tie dojel
71 A Eo| Holst&o 2 AL

o

.

(37)

=%

o

=

=

sh)

[e)
https://doi.org/10.3348/jksr.2020.0158

GANS] &2 22 3} H|o]Eof] o]

t}. Zhao

o]



Zdl ololg 2 71d 3

7129] A 7IRE 22 GAN 7|5t Hlole] 374 7] o] Zs| AREEAL Qle 7hel, A2
& HlolE S 715 3 E05] 270 AL )l o] FollM e 52 W QL= H 7] tiEd
)l 7SS Avliskarat g,

HA] Cutout 8H5 /o] A FARIR 7= dlolE 34 718 oItk(38). s 71
A A 5 Ja F7F Alto] Wol Q7= R] eh=the Aol AT wlolEe] 2719t FF
of wje} &) npA = F7]5 Frolof Stk o] W0l Qi o & 01, 10712] SAE 2=
Canadian Institute For Advanced Research (|3} CIFAR)-10 tlo|EJAl(32 X 32)o]] thsl|A]=
16 X 16 A719] BpATE AFERE A9 AlY =2 45 &S EolH, 100712] FUAE 2t
CIFAR-100 BloE1Al(32 X 32)c] thsiAl =8 X 8 27]9] kAT S ARESH 49 7MY &2 s
AFS- Ho|a QJth

i)

oot FIF

202 Mixupe F 749 A2 TF2 Sefio) sigshs Hlolelg stz 4l w40 o]
B2 328k 71%01th(39). 31 7142 HIEREE (beta distribution)ellA] AM&E)+= sto|mute}
u] &} (hyperparameten) S AF&510] = G4} Alolo] HQ) A g At 4 Q71 %A Elo|ej2at
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